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Surface/underwater target classification is a key topic in marine information research. However, the complex underwa-
ter environment, coupled with the diversity of target types and their variable characteristics, presents significant challenges
for classifier design. For shallow-water waveguides with a negative thermocline, a residual neural network (ResNet) model
based on the sound field elevation structure is constructed. This model demonstrates robust classification performance even
when facing low signal-to-noise ratios and environmental mismatches. Meanwhile, to address the reduced generalization
ability caused by limited labeled acoustic data, an improved ResNet model based on unsupervised domain adaptation (“pro-
posed UDA-ResNet”) is further constructed. This model incorporates data on simulated elevation structures of the sound
field to augment the training process. Adversarial training is employed to extract domain-invariant features from simulated
and trial data. These strategies help reduce the negative impact caused by domain differences. Experimental results demon-
strate that the proposed method shows strong surface/underwater target classification ability under limited sample sizes,
thus confirming its feasibility and effectiveness.

Keywords: sound field elevation structure, surface/underwater target classification, limited sample size, unsu-
pervised domain adaptation
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1. Introduction
In marine information research, the core task of sur-

face/underwater target classification is to distinguish between
surface and underwater targets by analyzing sonar-received
underwater acoustic signals.[1] Current classification features
mainly include target radiated noise characteristics,[2] target
depth estimation,[3] and sound field features.[4] Among them,
the sound field elevation structure is a sound field feature that
varies with target depth. Due to its requirement for a smaller
vertical array aperture, the sound field elevation structure is
widely used as a classification feature.[5,6]

However, due to the complex underwater environment,
the diversity of targets, and the variability of target char-
acteristics, designing surface/underwater target classifiers re-
mains a challenging task.[7,8] Existing classification methods
often adopt the concept of binary detectors to construct bi-
nary classifiers.[9–11] These methods determine the class of
a sample by comparing the estimated value of a classifi-
cation feature with a predefined threshold. However, both
the construction of classification features and the selection
of classification thresholds largely depend on prior environ-
mental information.[10] Mismatches in such information may

lead to degraded classification performance. Other commonly
used classifiers include the Bayes classifier and the linear
classifier.[12] However, the Bayes classifier relies on accurate
class conditional probability density, which is often difficult
to obtain in practical applications. Linear classifiers assume
that the decision boundary between classes is linear. However,
in underwater acoustic target classification, class distributions
are often nonlinear and complex, which makes linear classi-
fiers less effective for such tasks.

As deep learning techniques have developed, applying
their strong feature learning capabilities to surface/underwater
target classification has gradually become a research focus.
Choi et al. employed feedforward and convolutional neu-
ral networks to process cross-spectral density matrices, from
which depth-related features were extracted to support sur-
face and underwater target classification.[13] Luo et al. used
deep convolutional neural networks to extract features from
acoustic data and demonstrated the potential of deep learn-
ing in enhancing classification performance.[14] Zhou et al.
proposed a compound convolutional neural network based on
shared sparse features and deep belief networks to improve
the classification of interference striation images.[15] Niu et
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al. used a deep residual network to predict source loca-
tions, which showed significantly better performance com-
pared to matched field processing methods.[16] Additionally,
some studies have introduced deep generative models for mod-
eling three-dimensional sound speed fields, thereby assisting
in downstream tasks such as surface and underwater target
classification.[25,26] Overall, deep learning shows strong po-
tential for increasing classification accuracy.

Deep learning methods generally require large amounts
of training data. However, collecting sound field eleva-
tion structure samples is costly, and labeled data are often
scarce.[18,19] These constraints make it challenging to train
deep learning models under limited sample sizes. To address
this issue, a UDA-ResNet model is constructed based on an
unsupervised domain adaptation strategy,[20] in which simu-
lated sound field elevation structure data are introduced to aug-
ment the training set. Through adversarial training, domain-
invariant features common to the simulated and trial data are
extracted, making the features obtained by the feature extrac-
tor indistinguishable in the domain discriminator. This ap-
proach improves the classification performance of the model
under limited sample sizes.

2. Target depth dependence of sound field eleva-
tion structure samples
Consider a vertical array composed of N hydrophones, as

shown in the figure below. The spacing between array ele-
ments is ∆z. Taking the 0-th element located at depth z0 as
the reference, the depth of the n-th element is z0 +n∆z, where
n = 0,1,2, . . . ,N−1 (see Fig. 1).

Source

VLA

...

Surface

Bottom

...





n

r

SSP

...
...

N↩

zs

φm

z

Dz

Fig. 1. Schematic of vertical array reception. SSP = sound speed profile.

According to normal mode theory, when the target source
is located at depth zs and the range from the vertical array is r,
the acoustic pressure signal received by the n-th array element
can be expressed as[24]

Pn(r) =
j exp(−jπ/4)√

8πρ(zs)

×
M

∑
m=1

um(zs)um(z0 +n∆z)
exp(jkrmr−αmr)√

krmr
, (1)

where M denotes the total number of normal modes. um(·),
krm, and αm represent the eigenfunction, horizontal wavenum-

ber, and attenuation coefficient of the m-th mode, respectively.
ρ denotes the water density.

By applying beamforming to the received sound field of
the vertical array, a function of the scanning angle φ as the in-
dependent variable is obtained, which characterizes the sound
field elevation structure:

Bp(cosφ) =
1
N

N−1

∑
n=0

pn(r)exp(jk(z0 +n∆z)cosφ). (2)

Here, the horizontal wavenumber is given by k = 2π f/c,
where c is the sound speed.

By substituting Eq. (1) into Eq. (2), one obtains

Bp(cosφ)

=
M

∑
m=1

{
E ·um(zs)

exp(jkrmr−αmr)√
krmr

· · ·

×
[

1
N

N−1

∑
n=0

um(z0 +n∆z)exp(jk(z0 +n∆z)cosφ)

]}
. (3)

Here, E = j exp(−jπ/4)/
(√

8πρ(zs)
)
.

In practical applications, large-aperture vertical arrays of-
ten face challenges such as deployment difficulties and ar-
ray tilting. To address these, this study adopts a small-
aperture vertical array moored to the seabed, with array ele-
ments mainly distributed in a narrow region near the bottom.
Although the eigenfunction is a global solution determined by
the complete depth-dependent sound speed profile, the sound
speed variation within the depth range covered by the vertical
array is typically small in this study. Therefore, a simplified
expression based on a constant sound speed is used to approx-
imate the local eigenfunction. The eigenfunction um(z0+n∆z)
can be expressed as[23]

um(z0 +n∆z) ' A+
m exp(jkzm(z0 +n∆z))

+A−m exp(−jkzm(z0 +n∆z)), (4)

where A+
m and A−m denote the amplitudes of the upward and

downward plane waves of the m-th mode. kzm is the verti-
cal wavenumber of the m-th mode and satisfies kzm = k cosφm,
where φm is the m-th mode’s elevation angle. φm represents the
angle between the modal wavevector and the vertical direction.
The Wentzel–Kramers–Brillouin (WKB) approximation[29]

links the normal mode theory to ray acoustics, thereby giving
φm a physical meaning analogous to the ray arrival angle.

By substituting Eq. (4) into Eq. (3) and rearranging,
Eqs. (5)–(7) are obtained. This shows that the sound field
elevation structure is represented as the weighted sum of the
mode elevation structures Bum(cosφ) of all modes, where the
modal weighting coefficients are denoted by Cm:

Bp(cosφ) =
M

∑
m=1

CmBum(cosφ), (5)

Bum(cosφ) =
1
N

N−1

∑
n=0

[um(z0 +n∆z)exp(jk(z0 +n∆z)cosφ)]
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=
(N−1)∆z

N

[
A+

m e jk(cosφ+cosφm)
(

z0+
(N−1)∆z

2

)

×sinc
(

k(cosφ + cosφm)(N−1)∆z
2π

)
. . .

+A−m e jk(cosφ−cosφm)
(

z0+
(N−1)∆z

2

)

×sinc
(

k(cosφ − cosφm)(N−1)∆z
2π

)]
, (6)

Cm = E ·um(zs)
exp(jkrmr−αmr)√

krmr
. (7)

According to Eqs. (5)–(7), the sound field elevation structure
is determined by the mode elevation structure and the modal
weighting coefficients. In particular, the mode elevation struc-
ture is governed by the array configuration and the underwa-
ter acoustic channel, while the modal weighting coefficients
depend on the target depth. In a shallow-water negative ther-
mocline waveguide, modal trapping occurs: low-order modes,
referred to as trapped modes, are difficult for surface targets
to excite, whereas high-order modes, known as free modes,
can be excited by both surface and underwater targets.[10] As
a result, the weighting coefficients of trapped modes for sur-
face targets are generally smaller than those of underwater tar-
gets. The target depth affects the sound field elevation struc-
ture through its influence on the modal weighting coefficients,
leading to significant differences between the elevation struc-
tures of surface and underwater targets.

The following presents a simulation-based analysis of the
sound field elevation structure samples for targets located at
different depths. The simulations are conducted using the
Kraken Acoustic Toolbox.[21] The trial sound speed profile is
shown in Fig. 2. The seabed consists of a 23.5 m thick sedi-
ment layer, an 800 m thick mudstone layer, and a half-space.
The geoacoustic properties of each layer are listed in Table 1.

1480 1490 1500 1510 1520 1530

c (m/s)

0

50

100

150

200

z
 (

m
)

Fig. 2. Trial sound speed profile.

Table 1. Geoacoustic parameters of seabed sediment layers.

Thickness (m) Sound speed (m/s) Density (g/cm3) Attenuation (dB/kmHz)

23.5 1572.3–1593.0 1.76 0.20

800 1881.0–3245.0 2.06 0.06

∞ 5200.0 2.66 0.02

The vertical array fixed to the seabed consists of six ele-
ments spaced at 5 m intervals. The array covers depths from
187 m to 212 m, which accounts for approximately 12% of the
total water depth. The array scanning angle φ is restricted to
values in the interval (0,π). The target range is 5 km. Based
on the relationship between modal phase velocity and the
maximum sound speed in the water column, the propagation
modes are classified into trapped modes and free modes.[10]

Under the waveguide environment considered in this section,
modes one to six are identified as trapped modes, and the sev-
enth mode is the lowest-order free mode, referred to as the
critical mode. The cosine of the modal elevation angle for
the critical mode, denoted by cosφm, is 0.1899. Accordingly,
the angular region (−1,−0.1899]∪ [0.1899,1) corresponds to
free modes, while the region (−0.1899,0.1899) corresponds
to trapped modes.

The sound field elevation structure sample can be repre-
sented as a vector

𝑥= [x1,x2, . . . ,xk, . . . ,xK ], k = 1,2, . . . ,K, (8)

where xk = Bp(cosφk) and φk is the k-th array scanning angle.
K denotes the total number of array scanning angles.
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Fig. 3. Normalized sound field elevation structure samples for targets at
different depths: (a) surface targets, (b) underwater targets. Note: cosφ

represents the cosine of the scanning angle.

Min–max normalization is applied to rescale all elements
of the sample 𝑥 into the interval [0,1], yielding the normalized
sound field elevation structure sample 𝑥̄, given by

𝑥̄=
𝑥−min(𝑥)

max(𝑥)−min(𝑥)
. (9)
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Several normalized samples of sound field elevation structures
for targets at different depths are shown in Fig. 3.

It can be observed that when the target depth is less than
or equal to 15 m, the energy of the sound field elevation struc-
ture is mainly distributed in the free-mode angular region.
When the target is located at a greater depth, the energy is
primarily concentrated in the trapped-mode region. This indi-
cates that the distributions of sound field elevation structures
for surface and underwater targets differ in the cosine of the
elevation angle, cosφ . Therefore, the sound field elevation
structure is adopted as the input feature for the classification
network model.

3. UDA-ResNet-based surface/underwater tar-
get classification model

3.1. ResNet classification network

ResNet is widely used to learn the deep features of sound
field data[7,16] as it effectively mitigates the vanishing gradient
problem in deep network training.[17] In this paper, the ResNet
classification network serves as the backbone of the proposed
UDA-ResNet model. This section first presents the design of
the ResNet classification network.

Considering the characteristics of sound field elevation
structure data, a lightweight ResNet10 is adopted as the
backbone model for surface/underwater target classification.
ResNet10 mainly consists of four residual blocks, each com-
posed of two convolutional layers (Conv) with skip connec-
tions to enable direct information flow.

Based on the traditional ResNet framework, 1D convolu-
tional kernels are used to extract features from the input vec-
tor x̄ ∈ R1×K , accommodating the vector form of the sound
field elevation structure data. Each convolutional layer is fol-
lowed by batch normalization (BN) and a rectified linear unit
(ReLU), ensuring network stability and enhancing nonlinear
representational capacity. The process is defined as

Φ(𝑥̄) = ReLU(BN(W2 ∗ReLU(BN(W1 ∗ 𝑥̄)))), (10)

where W1 and W2 are one-dimensional convolutional kernels
and ∗ denotes the convolution operation. In the second convo-
lutional layer of each residual block, dropout is applied before
the activation layer. This randomly masks part of the features,
reducing overfitting to specific patterns.

The residual block performs element-wise addition be-
tween the output and the input features, yielding the final out-
put

𝑧 = 𝑥̄+Φ(𝑥̄). (11)

This design helps mitigate the vanishing or exploding gra-
dient problem that may occur in deep networks,[17] while also
reducing the computational complexity of the model.

For the surface/underwater target classification problem,
the network extracts key information from the input features
layer by layer through residual blocks. The information is then
compressed into a feature vector by a global average pooling
layer. This feature vector contains the target depth-related fea-
tures learned by the network. Subsequently, it is mapped to the
class space through a fully connected (FC) layer and converted
into predicted probabilities by the softmax layer. Finally, a de-
cision criterion is defined using hypothesis testing:

H0 : P0 ≥ P1, H1 : P0 < P1, (12)

where P0 and P1 represent the probabilities of the sample being
predicted as class zero (a surface target) and class one (an un-
derwater target), respectively. If the probability of predicting
the sample as a surface target is lower than that for an under-
water target, the sample is classified as an underwater target;
otherwise, it is classified as a surface target.

The structure of the ResNet classification network is
shown in Fig. 4. The input sound field elevation structure sam-
ple has a size of 1×1×K, with K = 200 set in this case. The
relevant parameters of the ResNet classification network are
listed in Table 2.

Table 2. Relevant parameters of the ResNet classification network.

Layer name
Number of Number of kernels,

Output size
convolutional layers kernel size, stride

Input layer 1 (64, 1×7, 2) 64×1×50

Residual block #1
1 (64, 1×3, 1) 64×1×50

1 (64, 1×3, 1) 64×1×50

Residual block #2
1 (128, 1×3, 2) 128×1×25

1 (128, 1×3, 1) 128×1×25

Residual block #3
1 (256, 1×3, 2) 256×1×13

1 (256, 1×3, 1) 256×1×13

Residual block #4
1 (512, 1×3, 2) 512×1×7

1 (512, 1×3, 1) 512×1×7

Average pooling – – 512

FC – – 2
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Fig. 4. Structure of the ResNet classification network. (a) ResNet clas-
sification network. (b) Residual block.

3.2. UDA-ResNet improved model

The scale and quality of the training data are key factors
affecting the performance of the ResNet algorithm. However,
due to the complexity and variability of marine environments,
the collection of acoustic data is not only challenging but also
costly, making it difficult to obtain large numbers of labeled
sound field elevation structure samples. ResNet is limited by
insufficient training samples, which may lead to overfitting,
thereby affecting classification performance in practical appli-
cations.

To address these issues, an improved model based on
UDA-ResNet is proposed in this paper. The model augments
the training set with simulated data, employing adversarial
training to extract domain-invariant features common to both
simulated and trial data. This ensures that the features ex-
tracted by the feature extractor from both the source domain
(simulated data) and the target domain (trial data) are indistin-
guishable to the domain discriminator. As a result, the domain
adaptation problem between simulated and trial data is miti-
gated, leading to improved generalization ability in trial data
classification tasks.
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Fig. 5. Block diagram of the UDA-ResNet-based surface/underwater target classification model.

As shown in Fig. 5, the model architecture consists of

three parts: the feature extractor, the surface/underwater target

classifier, and the domain discriminator.

First, the source domain data is defined as the labeled

simulated data {xS
i ;yS

i }, where yS
i is the class label of the i-

th sample xS
i . Here, yS

i ∈ {0,1}. The target domain data is the

unlabeled trial data {xT
i }. The domain label di is set to zero for

the source domain data and to one for the target domain data.

The feature extractor maps the source domain data and target

domain data into the feature representations F(xS
i ) and F(xT

i ).
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The surface/underwater target classifier then performs
classification based on the source domain features extracted by
the feature extractor. The optimization objective of the clas-
sifier is to minimize the cross-entropy loss function, thereby
improving predictive ability. The cross-entropy loss function
is as follows:

Lcls =−
1

NS

NS

∑
i=1

(yS
i log(PS

i )+(1− yS
i ) log(1−PS

i )), (13)

where PS
i is the probability that the sample is predicted to

belong to class one (underwater target). NS is the number
of source domain samples. The loss function in Eq. (13)
guides the model to correctly classify the source domain data
by comparing the predicted probabilities with the true labels.
The relevant parameters of the feature extractor and the sur-
face/underwater target classifier are shown in Table 2.

The domain discriminator receives the output features
from the feature extractor and determines whether they orig-
inate from the source domain or the target domain. During
training, adversarial optimization occurs between the domain
discriminator and the feature extractor: the domain discrimi-
nator aims to accurately distinguish between samples from the
source and target domains, while the feature extractor adjusts
its parameters via backpropagation to ensure that its extracted
features are indistinguishable to the domain discriminator.

In this context, ‘domain-invariant features’ refer to the
condition where the sound field elevation structure samples
from the source and target domains exhibit similar statistical
distributions in the feature space, i.e.,

div(P(F(xS)),P(F(xT)))< ε. (14)

where P
(
F(xS)

)
and P

(
F(xT)

)
represent the probability dis-

tributions of the source and target domain features, respec-
tively. Here, div(·, ·) denotes a distribution distance metric,
and this study adopts the commonly used Jensen–Shannon di-
vergence (JSD).[30] ε represents the acceptable upper bound of
distribution discrepancy. In this context, if the extracted fea-
tures from the source and target domains exhibit a small JSD
(e.g., < 0.03), and the classification accuracy in the target do-
main reaches a high level (e.g., > 0.8), then these features can
be considered domain-invariant. It should be noted that to ex-
tract domain-invariant features, adversarial training must meet
the following conditions: 1) the target and source domain data
must have intrinsic consistency; 2) the source domain must
contain sufficient and diverse labeled samples, and the feature
extractor must have a strong representation capability; 3) ad-
versarial training should reach equilibrium; otherwise, adjust-
ments such as tuning the adversarial loss weight or modifying
the discriminator may be needed.

To achieve this, a gradient reversal layer (GRL)[20] is used
to reverse the gradient of the adversarial loss function with re-

spect to the feature extractor parameters θF. During the opti-
mization process, the adversarial loss is maximized, enabling
adversarial training between the feature extractor and the do-
main discriminator. The adversarial loss function is

LD = − 1
NS +NT

NS+NT

∑
i=1

[(1−di) log(1− (D(F(xi))))

+di log(D(F(xi)))], (15)

where NT represents the number of target domain samples.
D(F(xi)) is the probability that sample xi is predicted to be-
long to the target domain by the domain discriminator.

The GRL does not, in itself, affect the forward propaga-
tion process, but during backward propagation, it reverses the
gradient with a negative scaling factor of−λ , thereby enabling
adversarial training. The definition of the adversarial factor λ

is as follows:

λ =
2

1+ exp(−γ · epoch/epochs)
−1, (16)

where epoch/epochs represent the current/total training
progress. γ controls the growth rate of the adversarial factor,
thereby dynamically adjusting the adversarial strength of the
GRL. In the early stages, the focus is on the classification task,
while in the later stages, the adversarial strength is enhanced
to learn domain-invariant features, thus improving the model’s
generalization ability on the target domain.

The total loss function Lsum is defined as the weighted
sum of the classification loss and the adversarial loss, as shown
below:

Lsum = Lcls +aDLD, (17)

where aD is the adversarial loss weight used to control the
strength of adversarial training. The objective of the total loss
function is to minimize classification error while using adver-
sarial training to reduce the discrepancy between the feature
distributions of the source and target domains. This helps the
feature extractor learn domain-invariant features and improves
classification performance on the target domain.

4. Performance evaluation
This section first introduces the constructed simulated

dataset and the trial dataset. Then, the ResNet classifica-
tion network, along with the UDA-ResNet improved model, is
trained and evaluated for performance in surface/underwater
target classification tasks. For comparison, we introduce a
classification method based on the trapped–free modal sound
field elevation structure energy ratio (the TFMR method),[5]

which was recently proposed by our research team. This
method uses a binary classifier to distinguish between surface
and underwater targets. It is used as a benchmark for compar-
ing the classification performances of the models proposed in
this study.
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4.1. Simulated dataset

Data collection is conducted through simulation exper-
iments based on a vertical array, with sound field elevation
structure samples used as the model input. The environmental
parameters used in the simulation are as follows: seven sound
speed profiles (SSP#0–SSP#6) are set, as shown in Fig. 6; two
seabed types are configured: seabed #1 is a three-layer seabed,
and seabed #2 is a half-space seabed. The relevant parameters
are listed in Table 3.

The targets to be classified include both surface and un-
derwater targets. The depths of the surface targets are ran-
domly selected between 1 m and 15 m, while the depths of the
underwater targets range from 16 m to 216 m.

Different signal-to-noise ratios (SNRs) and target range
parameters are used to construct each dataset, with the aim of
evaluating whether the model can learn general features rather
than just memorizing the training samples. The detailed pa-
rameters of each dataset are shown in Table 4. Other simu-
lation conditions are consistent with those described in Sec-
tion 2.

Table 4 presents two training sets. The difference be-
tween them is as follows: the environmental parameters of
training set #1 match those of the validation and test sets, while
the parameters of training set #2 differ. Training set #2 is used
to evaluate classification performance under conditions of do-
main mismatch.
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Fig. 6. Sound speed profiles.

Table 3. Relevant parameters of the seabed.

Type Thickness (m) Sound speed (m/s) Density (g/cm3) Attenuation (dB/kmHz)

Seabed #1
23.5 1572.3–1593.0 1.76 0.20
800 1881.0–3245.0 2.06 0.06
∞ 5200.0 2.66 0.02

Seabed #2 ∞ 1700 1.80 0.20

Table 4. Relevant parameters used to generate the training, validation, and test sets.

Parameter Unit Training set #1 Training set #2 Validation set Test set
SNR dB 10:2:20 20 11:2:19 0:5:35

Range km 3.0:0.012:9.0 3.0:0.1:9.0 2.5:1.0:9.5
Surface target depth m 1–15, randomly selected 40 depths

Underwater target depth m 16–216, randomly selected 40 depths
Sound speed profile – SSP#0 SSP#1–SSP#6 SSP#0 SSP#0

Seabed – seabed #1 seabed #2 seabed #1 seabed #1

Note: The notation “10:2:20” in the table is used to describe the value span and step size of a parameter. Here, it indicates that the
SNR spans from 10 dB to 20 dB, with a step size of 2 dB.

4.2. Trial dataset

The trial data were collected from the SWellEx-96 ex-
periment (Fig. 7), conducted off the coast of San Diego,
California.[22] The measured sound speed profile corresponds
to SSP#0 in Fig. 6. In the trial, the source ship traveled north-
ward along an isobath at a speed of 2.5 m/s, towing two acous-
tic sources at depths of 9 m and 54 m. These sources transmit-
ted continuous wave signals at multiple discrete frequencies.
The vertical array comprised 21 elements, spanning depths
from 94.125 m to 212.25 m, with an inter-element spacing of
approximately 5.6 m.

Array elements 16 to 21 are selected to form a six-element
array with an aperture of 28.13 m. The received data are seg-

mented into 10 s frames with a 75% overlap. Surface and un-
derwater target data are extracted separately to compute their
corresponding sound field elevation structures. A total of 957
samples for surface targets and 802 samples for underwater
targets are obtained, as shown in Fig. 8.

4.3. Performance metrics

The classification accuracies for surface and underwater
targets, denoted by Accs and Accd, respectively, are used as
performance evaluation metrics for the model:

Accs =
TN

TN+FP
, (18)

Accs =
TP

TP+FN
, (19)
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where TN is the number of surface target samples correctly
predicted to be surface targets, FP is the number of surface
target samples incorrectly predicted to be underwater targets,
and TP and FN denote the numbers of underwater target sam-
ples correctly and incorrectly classified, respectively.
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Fig. 8. Normalized sound field elevation structure samples from trial
data. (a) Surface target. (b) Underwater target. Note: cosφ represents
the cosine of the scanning angle.

4.4. Performance analysis of the ResNet classification net-
work

Since the ResNet classification network serves as the
backbone of the UDA-ResNet model, its classification per-

formance is first trained and evaluated using the simulated
dataset.

The network weights are initialized using the Kaiming
initialization method. Training is performed using the Adam
optimizer with an initial learning rate of 10−4. A learning rate
scheduler is applied to facilitate efficient learning, and early
stopping is used to prevent overfitting.

The computational platform is equipped with an NVIDIA
RTX 4090D GPU (24 GB VRAM), a 16-core Intel Xeon Plat-
inum 8481C CPU, and 80 GB of RAM. All experiments are
conducted using the PyTorch 2.5.1 deep learning framework
running in a Python 3.12 environment, with GPU acceleration
enabled via CUDA 12.4.

The ResNet classification network is trained on training
set #1, while the validation set is used for model tuning. The
parameters from the epoch with the lowest validation loss are
retained. The training and validation loss curves are shown in
Fig. 9.
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Fig. 9. Training and validation loss curves.

As illustrated, both training and validation losses gradu-
ally converge with increasing epochs, and the validation loss
closely follows the training loss. With the current training
sample size, no noticeable overfitting is observed during the
training of the ResNet.

Figure 10(a) shows the t-distributed stochastic neighbor
embedding (t-SNE) distributions of 500 randomly selected
samples of underwater and surface targets from the test set.
Figure 10(b) presents the corresponding deep features ex-
tracted by residual block #4 of the ResNet classification net-
work. In each plot, a smaller overlap between the two distribu-
tions indicates less difficulty in distinguishing surface targets
from underwater targets.

In the t-SNE visualization of the test samples, surface
and underwater targets exhibit substantial overlap, indicating
blurred class boundaries. Notably, the t-SNE visualization of
deep features extracted by ResNet shows better separation be-
tween surface and underwater targets in the feature space. This
indicates that the ResNet classification network effectively ex-
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tracts deep features and provides an advantage in classification
performance.
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Fig. 11. Classification accuracy at different SNRs. (a) Underwater tar-
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Figure 11 presents the classification accuracy of ResNet
on the test set and a comparison with the TFMR method.

In this evaluation, the TFMR method adopts a constant false
alarm rate detection strategy, where the classification accuracy
for surface targets is fixed at 0.80. Based on this setting, the
reported metric reflects the classification accuracy for under-
water targets.

The ResNet classification network performs well in both
underwater and surface target classification. At SNRs above
5 dB, the classification accuracy is significantly higher than
that of the TFMR method. At an SNR of 20 dB, classifica-
tion accuracies reach 0.92 for underwater targets and 0.89 for
surface targets, compared to 0.85 and 0.80 with the TFMR
method. Overall, the ResNet classification network exhibits
strong classification capability under high SNR conditions and
maintains robustness under low SNRs.

The classification performance of the ResNet classifica-
tion network is further evaluated under conditions of environ-
mental mismatch. Ocean acoustic channels are complex and
highly variable. As a result, it is often difficult to obtain accu-
rate and complete environmental parameters, which frequently
leads to mismatch issues in classification. To assess general-
ization ability across different environments, the ResNet clas-
sification network is trained using training set #2, in which the
sound speed profiles and seabed parameters differ from those
in the validation and test sets. A comparative analysis is also
conducted with the TFMR method. The detailed environmen-
tal parameters are listed in Table 5.

Table 5. Environmental conditions used by ResNet and TFMR at each stage.

Method Stage Sound speed profile Seabed

ResNet
training set #2 SSP1#–SSP#6 seabed #2

validation set SSP#0 seabed #1

test set SSP#0 seabed #1

TFMR
classification features SSP#1 seabed #2

construction SSP#2 seabed #2

data to be classified SSP#0 seabed #1

The classification accuracies of the ResNet and TFMR
methods under environmental mismatch conditions are pre-
sented in Fig. 12.

As shown, the ResNet classification network maintains
robust performance under mismatch conditions. Specifically,
classification accuracies for underwater and surface targets
reach 0.87 and 0.83, respectively, outperforming the TFMR
method. This is mainly because the ResNet classification net-
work can learn discriminative features from diverse training
data, thereby maintaining robustness against variations in en-
vironmental parameters.

Next, the performance of the ResNet classification net-
work is evaluated under different training sample sizes. Train-
ing samples are randomly selected from training set #2. The
classification accuracy is shown in Fig. 13. In this figure, the
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dotted lines represent the classification accuracies of ResNet
trained using the complete training set #2 (120240 samples).
The dashed lines represent the classification accuracy of the
TFMR method, with results obtained from Fig. 12.
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Fig. 13. Classification accuracy versus training sample size. (a) Under-
water targets. (b) Surface targets.

Overall, there is a decline in the classification accuracy of
ResNet as the training sample size decreases. In certain cases,
it even falls below that of the TFMR method. This is because
limited training data cannot effectively support the training of
ResNet. As a result, ResNet finds it difficult to fully learn
discriminative features, which restricts generalization ability.

By comparison, the TFMR method relies on a binary classifier
and does not require large-scale training. In summary, the per-
formance of the ResNet classification network is significantly
influenced by the training sample size. It shows a performance
advantage with large training datasets, but this advantage di-
minishes under limited sample sizes.

4.5. Performance analysis of the UDA-ResNet improved
model

The size of the trial data in the SWellEx-96 experiment is
limited, with only a few hundred sound field elevation struc-
ture samples available. This is not sufficient to directly train
the ResNet classification network. Therefore, in this section,
training set #2 from the simulated dataset is used as the source
domain, and the trial dataset is used as the target domain. The
classification performance of the UDA-ResNet model is then
evaluated using the limited trial data.
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Fig. 14. The t-SNE visualizations of source domain and target domain
data. (a) Surface targets. (b) Underwater targets.

First, an analysis is conducted on the feature distribu-
tion differences between the source and target domains. Fig-
ure 14(a) presents the t-SNE distribution of the surface target
samples from the target and source domains, while Fig. 14(b)
shows the distribution for underwater target samples. In each
plot, a larger overlap area between the two distributions indi-
cates smaller feature discrepancies between the domains. This
suggests lower difficulty in distinguishing surface and under-
water targets in the target domain.
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There are some differences between the t-SNE distribu-
tions of the source and target domain data. This suggests that
features learned solely from the source domain do not gen-
eralize well to classification in the target domain. Therefore,
adversarial training with UDA-ResNet is employed to extract
domain-invariant features and improve classification perfor-
mance in the target domain.

To optimize the UDA-ResNet structure, two domain dis-
criminators with different numbers of FC layers are designed,
as shown in Table 6. Different subscripts are used to distin-
guish between them. For the discriminator with more layers, a
higher interlayer dropout rate is applied to enhance robustness.
The growth rate of the adversarial factor γ is set to ten, and the
adversarial loss weight aD is set to 0.3.

Table 6. Parameters of the domain discriminator.

Domain Number of
Dropout

discriminator FC layers
D-fc-3 3 0.4
D-fc-5 5 0.6

Next, MMD-ResNet, CORAL-ResNet, ResNet, and
TFMR are employed as baseline methods for comparative
analysis. The MMD-ResNet and CORAL-ResNet meth-
ods build on ResNet. MMD-ResNet minimizes the mean
difference[27] between the source and target domains, while
CORAL-ResNet minimizes the covariance difference.[28]

These approaches aim to reduce domain discrepancy and en-
hance classification performance in the target domain.

The environmental conditions used at each stage are listed
in Table 7. Since it is often difficult to accurately obtain en-
vironmental parameters for trial data in practical applications,
the source domain is set to training set #2, which has differ-
ent environmental parameters from the target domain, to bet-
ter simulate realistic scenarios. For TFMR, the environmen-
tal parameters referenced when constructing the classification
features are consistent with those of the trial dataset. This im-
plies that TFMR faces a lower classification difficulty com-
pared with UDA-ResNet.

Table 7. Environmental conditions used by different methods at each stage.

Method Stage Sound speed profile Seabed

UDA-ResNet\MMD-ResNet\CORAL-ResNet

source domain:
SSP1#–SSP#6 seabed #2

training set #2
target domain:

SSP#0 seabed #1
trial dataset

ResNet

training set:
SSP1#–SSP#6 seabed #2

training set #2
test set:

SSP#0 seabed #1
trial dataset

TFMR

classification features
SSP#0 seabed #1

construction
data to be classified:

SSP#0 seabed #1
trial dataset

To visually demonstrate the advantages of employing
domain-invariant features, the JSD between the source and tar-
get domain data is calculated, both at the input level and after
network-based high-level feature extraction. Smaller JSD val-
ues indicate higher similarity between the two distributions.
The JSD values are shown in Table 8. Furthermore, Figs. 15–
18 illustrate the t-SNE visualizations of the extracted high-
level features.

Table 8. JSD between source and target domain data at the input and
high-level features.

JSD value Surface targets Underwater targets
Input data 0.061 0.041

ResNet 0.045 0.034
MMD-ResNet 0.037 0.030

CORAL-ResNet 0.035 0.032
UDA-ResNet 0.025 0.028

Compared with the other baseline methods, UDA-ResNet
yields smaller JSD values between the high-level features of
the source and target domains, and the t-SNE distributions ex-
hibit higher consistency. From a physical perspective, received

signals in sea trials are affected by environmental factors,

background noise, and experimental setup, resulting in dis-

tributional discrepancies between the target and source sound

field elevation structure data. UDA-ResNet employs adversar-

ial training to dynamically adjust network parameters, guid-

ing the feature extractor to learn discriminative features es-

sential for surface/underwater target classification while sup-

pressing domain-specific interference unrelated to target cate-

gories, thereby enhancing its adaptation capability in the target

domain. Although MMD-ResNet and CORAL-ResNet reduce

domain shift by aligning global statistics such as the distribu-

tion center or shape between source and target domains, they

lack dynamic adaptation mechanisms. As a result, their per-

formance is less effective than UDA-ResNet when handling

complex domain discrepancies in this context.

The classification accuracies obtained using the trial data

are presented in Table 9.
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Fig. 15. ResNet: t-SNE visualizations of high-level features extracted
from the source and target domains. (a) Surface targets. (b) Underwa-
ter targets. MMD-ResNet: t-SNE visualizations of high-level features
extracted from the source and target domains. (a) Surface targets. (b) Un-
derwater targets.
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Fig. 16. MMD-ResNet: t-SNE visualizations of high-level features ex-
tracted from the source and target domains. (a) Surface targets. (b) Un-
derwater targets.

As shown in the results, UDA-ResNet achieves supe-

rior classification performance compared to baseline meth-
ods. For surface targets, ResNet achieves an accuracy of

-40 -30 -20 -10 0 10 20 30 40
dim 1

-40

-30

-20

-10

0

10

20

30

40

d
im

 2

Source domain
Target domain

(b)

-40 -30 -20 -10 0 10 20 30 40
dim 1

-40

-30

-20

-10

0

10

20

30

40

d
im

 2

Source domain
Target domain

(a)

Fig. 17. CORAL-ResNet: t-SNE visualizations of high-level features
extracted from the source and target domains. (a) Surface targets. (b) Un-
derwater targets.
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Fig. 18. UDA-ResNet: t-SNE visualizations of high-level features ex-
tracted from the source and target domains. (a) Surface targets. (b) Un-
derwater targets.
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only 0.56 under limited trial samples, whereas UDA-ResNet
(D-fc-5) reaches 0.82. MMD-ResNet and CORAL-ResNet
yield only marginal improvements. For underwater targets,
ResNet yields an accuracy of 0.78, while UDA-ResNet (D-
fc-3) reaches 0.84, with MMD-ResNet and CORAL-ResNet
performing comparably. Compared to underwater targets, the
trial signals for surface targets are more susceptible to surface
boundary effects and environmental interference. This results
in a larger discrepancy in the sound field elevation structure
between the source and target domains. Therefore, MMD-
ResNet and CORAL-ResNet perform less effectively in han-
dling such complex domain discrepancies and fail to signif-
icantly improve classification performance in the target do-
main. In summary, UDA-ResNet mitigates the domain adap-
tation problem between simulated and trial data. Moreover, it
reduces the reliance of the ResNet classification network on
large-scale training data and remains effective even under lim-
ited trial data conditions.

Table 9. Classification accuracies obtained using the trial data.

Classification accuracy Surface targets Underwater targets
TFMR 0.80 0.73
ResNet 0.56 0.78

MMD-ResNet 0.64 0.83
CORAL-ResNet 0.62 0.82

UDA-ResNet (D-fc-3) 0.81 0.84

4.6. Influence of thermocline parameters on UDA-ResNet
classification performance

The difference in sound field elevation structures between
surface and underwater targets arises from the phenomenon of
mode trapping, which typically occurs in shallow-water nega-
tive thermocline waveguides. Such waveguides are character-
ized by parameters including thermocline depth position, ther-

mocline thickness, and so on. To analyze their impact, sim-
ulated experiments are conducted to generate target domain
data under different thermocline parameters. Sound speed
profiles with different thermocline depth positions and thick-
nesses are configured, as illustrated in Fig. 19. For each pro-
file, 1000 sound field elevation structure samples are generated
for both surface and underwater targets. The corresponding
test classification accuracies are presented in Table 10.
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Fig. 19. Sound speed profiles with different thermocline parameters.
(a) Different thermocline depth positions. (b) Different thermocline
thicknesses.

Table 10. Test classification accuracy for different thermocline parameters.

Thermocline parameter Surface targets Underwater targets

Thermocline depth position
6 m–102 m 0.89 0.85
24 m–120 m 0.92 0.83
36 m–132 m 0.93 0.79

Thermocline thickness
16 m 0.75 0.69
36 m 0.87 0.81
96 m 0.89 0.85

The results show that for UDA-ResNet, increasing the
thermocline depth position slightly improves the classification
accuracy of surface targets while reducing that of underwa-
ter targets. Additionally, increasing the thermocline thick-
ness improves the classification performance for both target
types. This is because a deeper thermocline makes it harder
for low-order modes to penetrate the high-speed layer near the
surface, making surface target features more distinguishable,
whereas shallow underwater targets may resemble surface tar-
gets. A thicker thermocline increases the sound speed differ-

ence across the layer, enhancing the trapping effect and the
differences in sound field elevation structure between surface
and underwater targets, thus benefiting classification.

5. Conclusions and perspectives

This paper proposes a UDA-ResNet classification model
to address the problem of surface/underwater target classifi-
cation under limited sample sizes using sound field elevation
structure data. The model incorporates simulated data to assist

114301-13
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training and extracts domain-invariant features shared between
simulated and trial data, thereby reducing the reliance on large
amounts of labeled trial data. The classification performance
of the proposed method is evaluated through the processing
and analysis of simulated and trial datasets. The main conclu-
sions are as follows:

1. Under the hydroacoustic conditions of a shallow-water
negative thermocline waveguide, a ResNet-based classifica-
tion network is constructed using the sound field elevation
structure. By progressively stacking residual blocks, the net-
work effectively captures multilevel features from the sound
field elevation structure data. Experimental results show that it
achieves strong classification capability at high SNRs and ex-
hibits robustness under low SNR conditions. Moreover, when
there is an environmental mismatch between the training and
testing sets, training with a dataset that incorporates diverse
hydrological conditions enables the network to maintain high
classification accuracy.

2. To address the generalization issue of the ResNet
classification network under limited sample sizes, a UDA-
ResNet model is developed based on ResNet. An unsuper-
vised domain adaptation strategy is employed, where simu-
lated sound field elevation structure data are introduced to as-
sist the training process. Domain-invariant features are ex-
tracted from both simulated and trial data through adversarial
training, which incorporates a domain discriminator and a gra-
dient reversal mechanism. This approach helps mitigate the
degradation in classification performance caused by domain
distribution discrepancies. Experimental results obtained for
trial data show that UDA-ResNet reduces reliance on large-
scale labeled trial datasets while remaining effective in distin-
guishing between surface and underwater targets under limited
sample sizes.

It should be noted that this study is based on single-
frequency sound field elevation structure data, whereas broad-
band data contain richer information related to target depth.
Therefore, future research will focus on utilizing broadband
sound field elevation structure data in combination with deep
learning algorithms derived from computer vision. This ap-
proach has the potential to further enhance classification per-
formance.
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IEEE. J-STSP. 13 185
[10] Conan E, Bonnel J, Nicolas B and Chonavel T 2017 J. Acoust. Soc. Am.

142 2776
[11] Guo X W, Zheng G Y and Yan Q 2022 Appl. Acoust. 198 108985
[12] Cheng Y S, Li Z Z and Qiu J X 2018 Underwater Acoustic Target

Recognition (Beijing: Science Press) pp. 12–14 (in Chinese)
[13] Choi J, Choo Y and Lee K 2019 Sensors 19 3492
[14] Luo X W, Qin X M, Wu Z Y, Yang F N, Wang M W and Shang J H

2019 IEEE Access 7 98331
[15] Zhou X Y, Yang K D and Duan R 2019 IEEE. Signal. Proc. Lett. 26

1378
[16] Niu H Q, Gong Z X, Ozanich E, Gerstoft P, Wang H B and Li Z L 2019

J. Acoust. Soc. Am. 146 211
[17] He K M, Zhang X Y, Ren S Q and Sun J 2016 IEEE Conference on

Computer Vision and Pattern Recognition (CVPR), June 26–July 1,
2016, Las Vegas, USA, p. 770

[18] Gao Y J, Chen Y C, Wang F Y and He Y L 2020 IEEE 5th Inter-
national Conference on Image, Vision and Computing (ICIVC), July
10–12, 2020, Beijing, China, p. 215

[19] Liu F, Ding H, Li D H, Wang T, Luo Z L and Chen L 2021 OES China
Ocean Acoustics (COA), July 14–17, 2021, Harbin, China, p. 992

[20] Ganin Y and Lempitsky V 2015 Proceedings of the 32nd International
Conference on Machine Learning (ICML), July 6–11, 2015, Lille,
France, p. 1180

[21] Porter M B 1991 The KRAKEN Normal Mode Program (La Spezia:
SACLANT Undersea Research Center) Technical Report SM-245

[22] Information and data for the SWellEx96 experiment
[23] Lee S and Makris N C 2006 J. Acoust. Soc. Am. 119 336
[24] Jensen F B, Kuperman W A, Porter M B and Schmidt H 2011 Compu-

tational Ocean Acoustics (New York: Springer) pp. 338–341
[25] Li S Y, Cheng L, Li J, Wang Z C and Li J L 2024 J. Acoust. Soc. Am.

155 3410
[26] Cheng L, Ji X Y, Zhao H F, Li J L and Xu W 2022 J. Acoust. Soc. Am.

151 269
[27] Tzeng E, Hoffman J, Zhang N, Saenko K and Darrell T 2014 arXiv

1412.3474
[28] Sun B, Feng J and Saenko K 2016 Proceedings of the AAAI confer-

ence on artificial intelligence, February 12–17, 2016, Phoenix, Arizona
USA, p. 2058

[29] Brekhovskikh L M and Lysanov Y P 1990 Fundamentals of Ocean
Acoustics (New York: American Institute of Physics Press/ Springer)
pp. 131–137

[30] Lin J 2002 IEEE T. Inform. Theory 37 145

114301-14

http://dx.doi.org/10.11684/j.issn.1000-310X.2019.04.023
https://baike.baidu.com/item/%E6%B0%B4%E5%A3%B0%E5%AD%A6%20%7C%202%E7%89%88/59187919
https://baike.baidu.com/item/%E6%B0%B4%E5%A3%B0%E5%AD%A6%20%7C%202%E7%89%88/59187919
http://dx.doi.org/10.1121/1.4929748
http://dx.doi.org/10.7498/aps.71.20211987
http://dx.doi.org/10.1016/j.apacoust.2024.110412
http://dx.doi.org/10.1016/j.apacoust.2024.110412
http://dx.doi.org/10.1007/s40857-020-00215-0
http://dx.doi.org/10.1016/j.apor.2024.104201
http://dx.doi.org/10.1109/JSEN.2013.2287384
http://dx.doi.org/10.1109/JSTSP.2019.2899968
http://dx.doi.org/10.1109/JSTSP.2019.2899968
http://dx.doi.org/10.1121/1.5009449
http://dx.doi.org/10.1121/1.5009449
http://dx.doi.org/10.1016/j.apacoust.2022.108985
https://baike.baidu.com/item/%E6%B0%B4%E5%A3%B0%E7%9B%AE%E6%A0%87%E8%AF%86%E5%88%AB/51133900?fr=aladdin
https://baike.baidu.com/item/%E6%B0%B4%E5%A3%B0%E7%9B%AE%E6%A0%87%E8%AF%86%E5%88%AB/51133900?fr=aladdin
http://dx.doi.org/10.3390/s19163492
http://dx.doi.org/10.1109/Access.6287639
http://dx.doi.org/10.1109/LSP.97
http://dx.doi.org/10.1109/LSP.97
http://dx.doi.org/10.1121/1.5116016
http://dx.doi.org/10.1121/1.5116016
http://dx.doi.org/10.1109/CVPR.2016.90
http://dx.doi.org/10.1109/CVPR.2016.90
http://dx.doi.org/10.1109/CVPR.2016.90
http://dx.doi.org/10.1109/ICIVC50857.2020.9177493
http://dx.doi.org/10.1109/ICIVC50857.2020.9177493
http://dx.doi.org/10.1109/ICIVC50857.2020.9177493
http://dx.doi.org/10.1109/COA50123.2021.9519853
http://dx.doi.org/10.1109/COA50123.2021.9519853
http://dx.doi.org/10.48550/arXiv.1409.7495
http://dx.doi.org/10.48550/arXiv.1409.7495
http://dx.doi.org/10.48550/arXiv.1409.7495
https://xueshu.baidu.com/ndscholar/browse/detail?paperid=02897abbab7b8b0a0e8f9207babbd36b&site=xueshu_se
https://xueshu.baidu.com/ndscholar/browse/detail?paperid=02897abbab7b8b0a0e8f9207babbd36b&site=xueshu_se
http://swellex96.ucsd.edu/s5.htm
http://dx.doi.org/10.1121/1.2139074
https://xueshu.baidu.com/ndscholar/browse/detail?paperid=59add9a1d9da7c1ba2071b7f876f719e&site=xueshu_se
https://xueshu.baidu.com/ndscholar/browse/detail?paperid=59add9a1d9da7c1ba2071b7f876f719e&site=xueshu_se
http://dx.doi.org/10.1121/10.0026026
http://dx.doi.org/10.1121/10.0026026
http://dx.doi.org/10.1121/10.0009280
http://dx.doi.org/10.1121/10.0009280
http://dx.doi.org/10.48550/arXiv.1412.3474
http://dx.doi.org/10.48550/arXiv.1412.3474
http://dx.doi.org/10.48550/arXiv.1511.05547
http://dx.doi.org/10.48550/arXiv.1511.05547
http://dx.doi.org/10.48550/arXiv.1511.05547
http://dx.doi.org/10.1121/1.401411
http://dx.doi.org/10.1121/1.401411
http://dx.doi.org/10.1121/1.401411
http://dx.doi.org/10.1109/18.61115

	1. Introduction
	2. Target depth dependence of sound field elevation structure samples 
	3. UDA-ResNet-based surface/underwater target classification model
	3.1. ResNet classification network
	3.2. UDA-ResNet improved model 

	4. Performance evaluation
	4.1. Simulated dataset
	4.2. Trial dataset
	4.3. Performance metrics
	4.4. Performance analysis of the ResNet classification network
	4.5. Performance analysis of the UDA-ResNet improved model
	4.6. Influence of thermocline parameters on UDA-ResNet classification performance

	5. Conclusions and perspectives
	References

